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Clock and Power-Induced Bias Correction
for UWB Time-of-Flight Measurements

Justin Cano1,2, Gaël Pagès2, Éric Chaumette2, and Jérôme Le Ny1

Abstract—Ultra-Wide Band (UWB) communication systems
can be used to design low cost, power efficient and precise naviga-
tion systems for mobile robots, by measuring the Time of Flight
(ToF) of messages traveling between on-board UWB transceivers
to infer their locations. Theoretically, decimeter level positioning
accuracy or better should be achievable, at least in benign
propagation environments where Line-of-Sight (LoS) between the
transceivers can be maintained. Yet, in practice, even in such
favorable conditions, one often observes significant systematic
errors (bias) in the ToF measurements, depending for example
on the hardware configuration and relative poses between robots.
This paper proposes a ToF error model that includes a standard
transceiver clock offset term and an additional term that varies
with the received signal power (RxP). We show experimentally
that, after fine correction of the clock offset term using clock
skew measurements available on modern UWB hardware, much
of the remaining pose dependent error in LoS measurements can
be captured by the (appropriately defined) RxP-dependent term.
This leads us to propose a simple bias compensation scheme that
only requires on-board measurements (clock skew and RxP) to
remove most of the observed bias in LoS ToF measurements
and reliably achieve cm-level ranging accuracy. Because the
calibrated ToF bias model does not depend on any extrinsic
information such as receiver distances or poses, it can be applied
before any additional error correction scheme that requires more
information about the robots and their environment.

Index Terms—Range Sensing; Localization.

I. INTRODUCTION

MOBILE robots require accurate position estimates in
real-time to operate. Satellite Navigation Systems pro-

vide relatively reliable localization but only when the line-
of-sight (LoS) between the receiver and sufficiently many
satellites can be maintained. Hence, indoor and covered
environments require alternative positioning systems, e.g.,
using machine vision or short-range radio-frequency (RF)
communications [1]. This paper focuses on the latter, more
specifically on Ultra-Wide Band (UWB) systems (see Fig. 1),
which can provide low-cost, low-power, high-accuracy RF-
based localization solutions for mobile robots, with a precision
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Fig. 1. Custom communication board used in our experiments. The UWB
transceiver itself (Decawave DWM1000) and its omnidirectional antenna are
encircled in red.

of the order of a decimeter in favorable conditions [2]–[10]
and a refresh rate of the order of 10 to 100 Hz [11].

RF-based localization protocols most commonly rely on
estimating the Time-of-Flight (ToF) of messages exchanged
between transceivers, by comparing the transmission (Tx) and
reception (Rx) times of these messages. ToF measurements
can then be converted to distance measurements or used to
synchronize some of the nodes [2], [11]. By design, UWB
systems are relatively resilient to common sources of errors
in ToF measurements [2]. Nonetheless, large positive errors
can occur in non line-of-sight (NLoS) configurations, when
the direct path between transceivers is blocked by an obstacle
and the receiver detects instead a reflected signal. As a result,
much of the literature on UWB-based localization focuses on
detecting and mitigating the effect of NLoS measurements,
see, e.g., [3], [12]–[14].

However, even in LoS conditions, ToF measurements are
subject to errors due to transceiver clock drift, antenna de-
lays, signal distortion, multipath interference and timestamp
triggering uncertainties by the electronic circuits [5]. The
Rx timestamp accuracy is particularly dependent on signal
distortion and deteriorates as the received power (RxP) of the
direct path signal decreases [5, p. 10]. These errors should be
taken into account for accurate localization, since an offset
of just one nanosecond in ToF estimation results in a ranging
error of almost thirty centimeters, which is about the maximum
tolerable for many indoor operations.

In practice, the systematic errors (bias) in UWB mea-
surements need to be captured by empirical models that
are sufficiently simple to be used in real-time positioning
algorithms. González et al. [3] fit a model of two-way ranging
(TWR) measurement bias in terms of distance between the
transceivers, while [15] and [16] also include the relative
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antenna orientations in their models, for TWR and time-
difference of arrival (TDoA) localization schemes respectively.
Unfortunately, such models depend on extrinsic rather than
intrinsic measurements, which are in fact often precisely what
the higher-level localization schemes aim to estimate. For
instance, distance pseudo-measurements are deduced from
ToF measurements in various ways depending on the ranging
protocol used at the application level (type of TWR scheme,
TDoA, Time-of-Arrival (ToA), etc.) and full relative pose
measurements between transceivers require additional sensors.
Hence, any error in the distance or pose estimation scheme is
fed back in the low-level measurement calibration, and these
bias models are highly dependent on the specific localization
scheme used. These models also do not take advantage of all
the information available at the physical layer, in particular
the channel impulse response (CIR) at the receiver, as well as
the relative clock frequency drift measurements. Because the
Rx timestamp is estimated from the CIR, errors can be funda-
mentally tied to it. Moreover, since the CIR and in particular
the RxP is highly dependent on the antenna radiation pattern,
it is quite plausible that most of the observed pose dependent
bias can be already explained by the CIR features. Calibration
models based on CIR features should also be less sensitive
to system design choices such as level of transmitted power
or type of antenna used, and to environmental characteristics
such multipath propagation.

In this paper, we introduce a simple UWB ToF bias model
for LoS measurements, capturing transceiver clock offset and
RxP-induced bias, together with a methodology to calibrate
such a model.

The application note [5] mentions a dependency of ToF
measurement errors on RxP, but proposes again to calibrate
ranging bias models (specifically for TWR) that are based
indirectly on distance rather than CIR measurements, as in
[3] for example. Savic et al. [17] propose a general model
for TOA ranging measurements that includes a bias term for
LoS measurements, but this term is constant (independent of
the channel parameters) and the paper focuses on NLoS error
mitigation. Wymeersch et al. [18] introduce machine learning-
based methods to predict the ranging bias in TWR from the full
CIR and a distance estimate, without distinguishing between
LoS and NLoS measurements. As we discuss in Section III,
their TWR calibration process can benefit from a preliminary
clock skew correction step leveraging information available on
more recent hardware. Compared to these papers, we focus
exclusively on LoS measurements and develop a lightweight
model linking ToF measurement bias to a type of RxP mea-
surements. This model does not require extrinsic information
such as relative transceiver poses, nor the full CIR but only
its samples that are directly used in practice to determine the
Rx timestamp. In a TWR localization experiment, we show
that this model can capture most of the observed ranging bias.
Moreover, this ToF bias model can be used with any type of
localization scheme, e.g., TWR, TDoA, or ToA.

The outline of the paper is as follows. Section II introduces
the ToF error model. Section III proposes a TWR-based
clock offset correction scheme, which allows us to isolate the
remaining RxP-induced bias in ToF measurements. This RxP-

induced bias is modeled in more details in Section IV, which
also introduces a methodology to calibrate it. Finally, Section
V demonstrates in a TWR experiment that most of the bias
in LoS measurements is captured by the model, and discusses
further applications.

II. TIME-OF-FLIGHT MEASUREMENT MODEL

Ideally, an UWB transmitter A and receiver B could mea-
sure the ToF τAB of a signal traveling in a direct path between
them (LoS conditions) by taking the difference between the
message reception time tR and transmission time tT , i.e.,
τAB = tR − tT . This would provide for example a dis-
tance measurement dAB = c τAB between the nodes, with
c denoting the speed of light. However, a first difficulty is
that each node measures time slightly differently according
to its own imperfect clock. Second, even if the nodes were
perfectly synchronized, timestamp measurements at each node
are imperfect.

As mentioned previously, a dominating factor for the accu-
racy of tR measurements is the received signal power (RxP)
at B, PBR . Indeed, the statistical performance of the algorithm
estimating tR, called the Leading Edge Detector (LDE), is
known to be dependent on the received Signal to Noise Ratio
(SNR) [5], [19]. As a result, we can model the timestamp
measurement at the receiver as

tBR ≈ tR + δBc (tR) + δBp (PBR ),

where δBc (tR) captures the clock offset of node B at absolute
time tR and δBp is the RxP-dependent error. The timestamp
measurement tAT at the transmitter follows the simpler model

tAT ≈ tT + δAc (tT ).

Taking the difference, we obtain the following ToF measure-
ment model

tBR − tAT = τAB + δBc (tR)− δAc (tT ) + δBp (PBR ) + ν, (1)

where ν is a residual unmodeled error. For example, ν could
include additional timestamp measurement errors due to im-
perfect calibration of antenna propagation delays.

For short-range communication systems such as those rely-
ing on UWB, the difference between tR and tT is of the order
of the microsecond at most (which corresponds to a distance
between nodes of about 300 m). This duration is too small
for the offset δc of even low-grade electronic clocks to vary
significantly. As a result, it is generally appropriate for short-
range systems to use the simplified model

tBR − tAT = τAB + ∆B/A
c (tR,T ) + δBp (PBR ) + ν, (2)

where one can take for example tR,T = (tT + tR)/2 and
∆
B/A
c (t) represents the offset of the clock of B with respect

to the clock of A at time t. Then, to obtain accurate ToF
measurements from the model (2) in practice, it is necessary
to remove this clock offset as well as the RxP-induced error
δBp (PBR ). These topics are discussed in Section III and IV
respectively.
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III. CLOCK OFFSET CORRECTION: THE CASE OF TWR
Clock offset correction is a well studied topic and is strongly

dependent on the localization scheme. Hence, our discussion
is short and focuses for concreteness on one of the simplest
ranging scheme, single-sided TWR (SSTWR), see Fig. 2.

tAT1

tBR1

tAR1

tBT2

tAT2
tAR2

Transceiver B

Transceiver A

Poll
message

Response
message

Fig. 2. Single-Sided TWR protocol.

A SSTWR transaction involves two transceivers A and B.
A transmits at time tT1

a message to B, which is received at
time tR1

. B responds at tT2
and this message is received at

A at time tR2
. We assume that the duration of the transaction

is sufficiently short (of the order of a millisecond) to neglect
the relative motion of the nodes. The TWR protocol tries to
reduce the clock-offset error without synchronizing the nodes,
by performing the following operation

(tBR1
− tAT1

) + (tAR2
− tBT2

) =

2τAB + ∆B/A
c (t1)−∆B/A

c (t2) + δBp (PBR ) + δAp (PAR ) + ν,

where ν is another residual error term and t1 ≈ (tT1 +tR1)/2,
t2 ≈ (tT2

+tR2
)/2. From this expression, we can approximate

the ToF τAB by τ̂AB with

τ̂AB = τ̃AB

+
∆
B/A
c (t2)−∆

B/A
c (t1)

2
−
δBp (PBR ) + δAp (PAR )

2
. (3)

where τ̃AB :=
tBR1
−tAT1

+tAR2
−tBT2

2 .
Although standard versions of TWR approximate τAB by

the first term and neglect in particular the difference rB/Ac :=

(∆
B/A
c (t2) − ∆

B/A
c (t1))/2 between clock offsets at the first

and second messages, this term is often too large for accurate
indoor navigation. To illustrate the impact of rB/Ac , if we
assume a constant typical clock skew of γ := ∂∆

B/A
c /∂t =

10−6 and a transaction time of t2 − t1 = 2 ms, we obtain
r
B/A
c = 1 ns, which, as we noted before, would correspond

to a ranging error of about 30 cm.
To correct this error, as explained in [11], we can leverage

clock skew measurements γ̃(t) already computed by the re-
ceiver of an UWB signal, which are recorded in the register set
of current transceivers [20, p.150]. Indeed, the receiver needs
to track the transmitter’s oscillator frequency through a process
called timing recovery [21, p.38], [22] in order to estimate the
reception time of an UWB message with the correlation-based
LDE algorithm. However, the measured clock skew γ̃(t) is a
noisy signal, which needs to be filtered to produce a more
reliable estimate γ̂(t). The estimated clock skew γ̂ can then
be used to build an estimate of the residual clock error during
a given transaction, as follows

r̂B/Ac =
1

2

∫ t2

t1

γ̂(τ)dτ ≈ t2 − t1
2

γ̂, (4)

where γ̂ is the clock-skew estimate computed at time tAR2
by

agent A, with its own skew measurement γ̃(tAR2
).

The clock skew estimate γ̂ can be updated at each SSTWR
transaction k. Let’s denote tk the timestamp tAR2

of transaction
k. To filter γ̃(tk) and produce γ̂(tk), we adapt our approach
in [11] and use a Kalman filter with the following clock skew
model {

γ̇ = ζγ ,

γ̃(tk) = γ(tk) + νγ ,
(5)

where ζγ is a centered Gaussian white noise with power
spectral density σ2

γγ and νγ a discrete centered Gaussian
random variable with covariance σ2

γm. The constants σγγ , σγm
are tuned as explained in [11].

IV. RXP-INDUCED ERROR CORRECTION

In this section, we present a methodology to estimate and
correct the RxP-induced term δip(PiR) in the ToF measurement
model (1) or (2). This methodology requires selecting appro-
priate RxP measurements PR at the receiver and then fitting
the function δip(PR).

A. Most Informative RxP Measurements

The UWB transceivers used in our experiments (Decawave’s
DW1000) directly record two measures of received power in
their register set [20], as follows. Let s(ti) = r(ti)+jq(ti) ∈ C
be the complex-valued CIR sampled at times ti, 1 ≤ i ≤ N , by
an UWB module receiving a message. The Average Received
Power (ARP) is defined as

Pa = 10 log10

(
1

N2

N∑
i=1

|s(ti)|2
)
− Pra,

with Pra a reference power level. In constrast, the First Path
Power (FPP) is defined as

Pf = 10 log10

(
1

32

∑
i∈L
|s(ti)|2

)
− Prf ,

where Prf is another reference power level and L =
{i1, i2, i3} is a set of three characteristic amplitudes used by
the LDE algorithm to determine the reception time of the
message [20, p.40].

Our experiments lead us to choose the FPP instead of the
ARP as a measure of received power to calibrate the function
δp, since we found a clearer correlation between bias and Pf
compared to Pa. One intuitive explanation is that Pf is directly
used in the LDE algorithm and hence strongly affects its
estimates. Moreover, Pa is more sensitive to disturbances due
to multipath propagation, making the calibrated error model
less robust to environmental changes. In practice, we noticed
that the behavior of the FPP measured by transceivers in LoS
and sufficiently far (beyond 50 cm) from reflective surfaces
(walls, ground, etc.) is repeatable at different locations. Hence,
in the following we identify Pf as measure of RxP.
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B. RxP-Induced Error Estimation Method

Based on our experimental results, we postulate for a given
receiver i an RxP-induced error term of the form

δip(PiR) = Ki + δp(PiR), (6)

where Ki is a receiver specific constant and the function δp
is independent of i. In other words, the RxP-induced error for
each UWB receiver (following a particular hardware design)
is simply a shifted version of the function δp to determine.
The constant Ki can be due to fabrication process variations
for example.

In this section, we explain how to estimate the function δp.
This can be done by taking ToF measurements between two
transceivers A and B at various level of RxP, provided we can
remove first the clock offset error ∆

B/A
c in (2). To do so, we

can rely on the SSTWR scheme of Section III. From (3), we
see that after estimating the residual clock error r̂B/Ac from
(4), we get

δAp (PAR ) + δBp (PBR )

2
≈ τ̃AB −

dAB
c

+ r̂B/Ac .

If we can assume PAR ≈ PBR = PR during the TWR exchange,
then we obtain from (6)

δA,Bp (PR) := δp(PR) +KAB ≈ τ̃AB −
dAB
c

+ r̂B/Ac , (7)

where KAB = KA+KB

2 is an unknown constant depending
on the pair (A,B) of transceivers. The assumption of approx-
imately equal RxP at A and B during the SSTWR transaction
is reasonable as long as we use omnidirectional antennas and
the same transmitted power at A and B.

To estimate δp (up to a constant) based on (7), we can
move a receiver A to different locations in an environment
equipped with a precise external localization system, while
maintaining LOS with a transmitter B at a fixed location. The
goal is to sample sufficiently many values of RxP, covering
the range of power values expected in subsequent deployment.
At each position of A, the two transceivers perform multiple
SSTWR transactions and we record all the quantities on the
right-hand side of (7), including the distance dAB measured
by external localization. This provides bias measurements δ̃p
for the left-hand side of (7). We also collect RxP values
P̃R in each transaction, by reading the FPP recorded at
the transceivers. FPP values P̃f are recorded in dB but we
found the logarithmic scale inconvenient to fit δp, so we
perform a simple transformation and fit the function δp with
P̃R = 10(P̃f−αdB)/10 for some normalization parameter αdB
(αdB = −82 dB in our experiments). Since P̃AR ≈ P̃BR is only
approximately true in general during a TWR transaction, we
record the average RxP P̃R = (P̃AR + P̃BR )/2.

The resulting calibration dataset contains a large number
of pairs (P̃R, δ̃p), one for each TWR transaction. To fit δp
(up to the constant KAB), we quantize the RxP into L
values {PR,i}Li=1 uniformly spread between the minimum and
maximum values observed for P̃R. The RxP-induced offset
δp(PR,i) for a given level PR,i on the discretized grid is
estimated by taking the empirical average of the observed

bias δ̃p for all corresponding RxP measurements P̃R that are
quantized to PR,i. We then store in a lookup table the L bias
values {δp(PR,i)}Li=1 and compute any other value δp(PR) by
linear interpolation. Fig. 3 shows an example of calibration
dataset and fitted bias model.

0.2 0.4 0.6 0.8 1 1.2
-0.15

-0.1

-0.05

0

0.05

0.1

0.15

Fig. 3. An example of computed calibration map and RxP/bias data taken at
several poses in the Polytechnique Montreal laboratory.

For one-way ranging protocols (ToA, TDoA), the identifica-
tion of the receiver dependent constant Ki in (6) is generally
not needed, see Section VI. For TWR, the constant KAB in
(7) for a given pair of transceivers can be obtained by a short
initialization phase, once δp is known. For this, we separate the
transceivers by a known distance and let them perform a few
SSTWR transactions. We then correct the ToF measurement
for δp(PR) and r̂

B/A
c , so that the remaining systematic bias

in the measurements can be used to estimate KAB from (7).

C. Experimental Validation

Fig. 4. Left: Robot used for our experiments. Right: Sampled positions of
the tag around the anchor.

To validate the modeling assumptions and methodology pre-
sented in the previous section, in particular (7), we performed
experiments at two different laboratories, in Montreal, Canada
and Toulouse, France. FPP and RxP-induced bias measure-
ments (P̃R, δ̃p) were obtained through SSTWR transactions
with clock skew correction as described above, in multiple
experiments with a fixed UWB transceiver B (anchor) and
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0.3 0.4 0.5 0.6 0.7 0.8 0.9 1 1.1 1.2 1.3
0.1

0.15

0.2

0.25

0.3

0.35

Fig. 5. Calibration maps for various pairs of modules (acquired at the ISAE
laboratory in Toulouse).

a mobile one A (tag) carried by an omnidirectional ground
robot, see Fig. 4. Each laboratory is equipped with a motion
capture system, providing the required distance measurements
dAB with mm-level accuracy.

The mobile node moved to different locations in the en-
vironment as illustrated on Fig. 4 and performed at each
location a full rotation to sample 8 different headings θ =
kπ/4, k ∈ [0, 7]. The robot stops for 0.5 s at each pose to
perform SSTWR with a refresh rate of 100 Hz. Therefore,
we obtain about 50 measurements in each pose. Overall, this
allows us to observe a sufficiently diverse set of RxP values.
The data is recorded by an onboard computer running ROS
and the function δp is fitted in a post-processing step after
the complete dataset is collected. The results shown on Fig. 3
were obtained during one such experiment in Montreal.

Fig. 5 shows calibration curves c δA,Bp (PR) (see (7)) ob-
tained by fitting the datasets of measurements (P̃R, δ̃p) for
ten different pairs (A,B) of UWB transceivers similar to the
one shown on Fig. 1. These experiments were carried out in
Toulouse and we used L = 100 quantization levels for the
RxP. We observe that the curves indeed have a similar profile
and mainly differ by their offset, i.e., they satisfy the model
anticipated in (7). We noticed that the offset KAB appears to
be constant over time. We also plotted on Fig. 5 the calibration
curve averaged over the previous 10 pairs of transceivers. This
curve can serve as function δp to calibrate new pairs (A′, B′)
of similar transceivers performing TWR transactions, which
only requires estimating the offset KA′B′

, as explained at the
end of Section IV-B.

Figs 3 and 5 show that the calibration curves acquired in
Toulouse and Montreal have a similar shape. This indicates
that the estimated function δABp (P̃R) can be used to remove
RxP-induced bias in LOS conditions in different environments.
Indeed, the localization experiment presented in Section V has
been repeated with calibration curves obtained in the other
laboratory, which still provide a significant bias reduction.
The main differences in the two sets of curves are observable
at low RxP (P̃R < 0.4), where some environments more

sensitive to multipath outliers degrade the accuracy of the
calibration curves, and close to saturation (P̃R > 1.2). The
latter differences could be explained by the fact that we used
two different versions of the UWB modules (DWM1000) at
the two locations, which may differ in their amplifier circuits
and antennas.

V. TWR LOCALIZATION EXPERIMENT

To evaluate the usefulness of performing a correction for
clock skew and RxP-induced error, we carried out a localiza-
tion experiment in 2D with a mobile UWB tag (playing the
role of transceiver A in Fig. 2) performing SSTWR with two
fixed UWB anchors B1 and B2 at known locations, see Fig.
6. The block diagram of the ranging algorithm implemented
at the tag is shown on Fig. 7. The inputs of this algorithm
are the measured timestamps T̃ := {tAT1

, tBi

R1
, tBi

T2
, tAR2
}, the

clock skew measurements γ̃ and RxP P̃R (derived from FPP
measurements P̃f ). Note that all these inputs are directly
provided by the UWB transceivers (the anchors can send
their timestamps to the tag in their messages). The estimated
range d̂AB is obtained by elementary operations: i) time-
related processing (in blue) consists of scalar elementary
operations and a single state Kalman filter (estimator r̂B/Ac ); ii)
power-related processing (in purple) performs a simple linear
interpolation using a lookup table containing just 100 RxP-
induced bias values. The bias model δp used by the algorithm
is the one previously estimated independently from the dataset
presented in Section IV-C. The initialization phase described
at the end of Section IV-B is performed for each pair (anchor,
tag) in order to estimate the constants KAB . The algorithm
can provide corrected range estimates between the tag and
anchors with an update frequency of 100 Hz.

-1 0 1 2 3 4 5
-0.5

0

0.5

1

1.5

2

2.5

3

Fig. 6. Executed trajectory for the TWR localization test.

Fig. 6 shows the two anchors at coordinates B1 =
[−0.48, 0.08, 1.69]> and B2 = [4.81,−0.10, 1.69]> and the
trajectory of the mobile tag from the initial position p(0)
to the final position p(F ). This trajectory, measured by the
motion capture system, is produced by the D-Opt motion
planner presented in [23], which aims to compute positions
that reduce the ranging-based localization error for the robot.
We denote di the true distance between the anchor Bi and the
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tBi

T2
− tBi

R1

tAR2
− tAT1

δ̂A,Bi
p ()

δ̂A,Bi
p (P̃R)

−

r̂
Bi/A
c

estimator

c/2
cτ̃ABi

2τ̃

c
cr̂
Bi/A
c

−
+

d̂ABi

γ̃

T̃

P̃f 10P̃f−αdB

P̃R

Fig. 7. Block diagram of the bias correction algorithm for each pair of
transceivers A,Bi.

tag, measured by the motion capture system. The raw UWB
range measurements between the tag and anchor i ∈ {1, 2}
are denoted d̃i = c τ̃ABi

, while d̂i are the corrected range
estimates produced by the algorithm of Fig. 7.

-0.15 -0.1 -0.05 0 0.05 0.1 0.15 0.2
0

0.02

0.04

0.06

0.08

0.1

-0.2 -0.1 0 0.1 0.2 0.3 0.4
0

0.02

0.04

0.06

0.08

0.1

Fig. 8. Error histograms after and before compensation (calibrated with
Montreal dataset).

Fig. 8 shows the histograms of error values for raw and
corrected UWB range measurements. The time series of these
experiments, presenting raw errors and biases estimated by
the algorithm, are plotted in Fig. 9. The apparent offset at
the beginning of the trajectory might be due to the time it
takes for the clock offset estimate r̂B/Ac to converge. Note that
large range measurement outliers, presumably due to reflected
signals, where removed from the dataset, since we focus on
LoS conditions. Overall, the corrected range measurements
present a residual bias below two centimeters, while this bias
was typically close to 20 cm for the range to anchor 2 before
correction. Since the residual noise after bias correction shows
a standard deviation of 3 to 5 cm, we see that it is crucial
for accurate range measurements to correct the bias error.
Fig. 9 also provides a comparison with the bias predicted
by the lookup table of the application note [5, Table 1] (our
implementation sets the PRF to 64 MHz and uses channel 2).
This table attempts to correct the bias based on the uncorrected
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Fig. 9. Plot of raw range errors (blue), biases estimated by our method
(orange) and biases predicted by the lookup table of [5] (yellow).

distance estimates obtained from TWR, but it clearly fails here
to track the bias, possibly because of the significant differences
in hardware.
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Fig. 10. Error histograms after and before compensation (calibrated with
Toulouse dataset).

We repeated the calibration process for the experiment
presented on Fig. 6, which took place in Montreal, using
the mean calibration map acquired in Toulouse, plotted on
Fig. 5. The accuracy of the bias correction, illustrated in Fig.
10, slightly deteriorated compared to that of Fig. 8, but the
average ranging error remained below 3 cm for both anchors.
Finally, in a video accompanying this article, we illustrate
the calibration process and the validation on the previously
presented trajectory with dynamic plots.

VI. APPLICATION TO OTHER LOCALIZATION SCHEMES

In this section, we briefly discuss how the ToF model
(2) with RxP-induced bias model (6) is useful to correct
errors in different RF-based localization schemes, such as
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ToA and TDoA [1]. Both ToA and TDoA systems require
multiple synchronized UWB anchors A1, . . . , AM placed at
known locations pAi and broadcasting localization messages,
while any number of UWB-equipped tags can determine their
location by listening to these messages.

Consider a tag B receiving a message from anchor Ai. For
ToA, we can write from (2) and (6)

ρi := c(tBRi
− tAi

Ti
) (8)

≈ dAiB + c∆B/A
c + cδBp (PBR,i)

≈ dAiB +D + cδp(PBR,i),

where D = ∆
B/A
c + KB is independent of the index i of

anchor Ai because the anchors are synchronized (and we
neglect here the time variation of the clock offset ∆

B/A
c )

and KB only depends on the receiver B. To determine its
position, the tag records the M pseudo-range measurements ρi
and corresponding FPP values PR,i to solve the least-squares
problem

min
p,D

M∑
i=1

∣∣ρi − ‖p− pAi
‖ − cδp(PBR,i)−D

∣∣2 . (9)

A well-posed problem requires at least M = d + 1 anchors
for localization in d dimensions. A minimizer (p, D) of (9)
produces an estimate pB of the position of B and an estimate
of the constant D, which is discarded. Hence, we see that the
constant KB does not need to be calibrated separately, the
knowledge of the function δp is enough to correct the RxP-
induced error in ToA.

Similarly, for TDoA, a tag B receiving messages from two
anchors Ai and Aj computes the double difference

∆ij := c(tBRi
− tAi

Ti
)− c(tBRj

− tAj

Tj
)

≈ dAiB − dAjB + c(δp(PBR,i)− δp(PBR,j)).

The clock offsets cancel out because the anchors are syn-
chronized (and we neglect the offset time variations). So does
the constant KB , which does not depend on the anchor. To
determine its position, tag B records the ∆ij for all pairs of
anchors, as well as the FPP PBR,i for all messages. It then
solves the least-squares problem

min
p

∑
i6=j

∣∣∣∆ij − ‖p− pAi
‖+ ‖p− pAj

‖

− cδp(PBR,i) + cδp(PBR,j)
∣∣∣2. (10)

Again, correction of RxP-induced errors for TDoA depends
only on identifying the function δp and not the constant KB .

VII. CONCLUSION

We developed an empirical bias model for UWB ToF
measurements in LoS conditions. The input variable of the
model is the received power (RxP), which can be measured
directly by UWB receivers from the channel impulse response.
We proposed a methodology based on a TWR protocol to
calibrate the RxP-induced bias model, which leverages relative
clock skew measurements available on current receivers to first

correct residual clock offsets. We verified empirically that the
identified bias model is relatively robust to changing envi-
ronmental conditions and that it can be used to significantly
improve localization accuracy in practice. An important advan-
tage of the bias correction method is that it does not require
external measurements nor a complex model that depends on
estimating the robot or environment parameters. If more is
known about those parameters, additional corrections could
be applied as a second step, for example to identify NLoS
measurements. Future work will apply the bias correction
method to other localization protocols and consider more
complex signal propagation scenarios.
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